Introduction
The goal of our research is to develop algorithms to identify repeated occurrences of a pattern within a genomic sequence. The simplest example of such a pattern is the tandem repeat (TR). TRs are consecutive occurrences of a pattern (Figure 1 ). They can arise when mutational events occur to transform a segment of DNA sequence into two or more copies. Additional mutation allows the individual copies to diverge. The algorithmic challenge is to identify the repeat pattern structure within a sequence without a priori knowledge of the actual words that make up the repeat.
Significant effort in recent years has yielded many algorithms for * To whom correspondence should be addressed identifying TRs with simple pattern structures. (Reviews are presented in Benson 1999 and Kurtz 2000 . New research on identification of simple pattern structures are found in Adebiyi 2001 , Landau 2001 and Volfovsky 2001 In practice, two things make it difficult to recognize repeat features: imperfect conservation of patterns, and complex pattern structures. Benson (1999) introduced algorithms using small k-words for identification of long and less conserved tandem repeats. Our algorithms use small k-words but, identify far more complex patterns. In addition, we extend the technique to recognize distant regions of similarity. Several classes of tandem repeats can be defined (Figure 2 ). Simple sequence repeats (SSRs) have patterns which are typically less than six nucleotides in length and are fairly well conserved. Long tandem repeats have long patterns (at least a hundred nucleotides in length) and are often less conserved. Variable length tandem repeats (VLTRs) and multi-periodic tandem repeats (MPTRs) have complex pattern structures.
Definitions
Let S be the DNA sequence to be analyzed for tandem repeats. We assume S is of length n and over the DNA nucleotide alphabet Σ = {A,C,G,T}. A pattern, p, is a finite length word over Σ. A perfect tandem repeat, T=p c , is formed by the simple concatenation of c copies of p, where c≥2 and designates the copy number of the repeat. For example, the SSR, TGTGTG, is a perfect TR with p=TG and c=3.
Many tandem repeats have more complex structures defined by two or more patterns. We define and study two classes of complex tandem repeats: variable length tandem repeats and multi-period tandem repeats.
Definition: A simple nested tandem repeat is formed by nested concatenation patterns.
Formally, a finite length word, N, is a simple nested repeat if
where the p i 's are patterns and the c i 's are ≥ 1. A variable length tandem repeat (VLTR) is a simple nested tandem repeat in which the copy number for some pattern p i is variable rather than constant.
Example: CATTAGCCA TGTGTGTG CATTAGCCA TGTGTGTGTGTG CATTAGCCA TGTGTG This sequence is composed of two repeated patterns, CATTAGCCA and TG. The sequence can be written as CATTAGCCA(TG) 4 CATTAGCCA(TG) 6 CATTAGCCA(TG) 3 , or it could be written as ((CATTAGCCA) 1 (TG) * ) 3 . This later description makes clear that the copy number for the CATTAGCCA pattern is fixed and equal to one, while the copy number for the TG pattern is variable, denoted with a * . This sequence is a VLTR.
Definition: A multi-period tandem repeat (MPTR) is formed by the nested concatenation of two or more i-similar patterns. Consider the following concatenation of 1-similar patterns. Existing algorithms handle SSRs, and long tandem repeats quite well. However, they do not do a good job recognizing VLTRs and MPTRs. Our algorithms handle these classes and also allow the detection of regions of similarity that are great distances apart.
Algorithm and Implementation
Our algorithm (Figure 3 ) is similar to work by Benson (1999) . We want to find distances between k-length words in a DNA sequence. We form a sequence of distances and restrict our selection criteria to consecutive, identical distances along the sequence. We locate potential TR regions without utilizing statistical criteria. For each potential TR region, we form a pattern, characterize the region using the pattern and check for periodicities in addition to the period of the pattern. For each additional periodicity, a pattern is formed and used to characterize the region. Thus, each TR is defined by a collection of pattern characterizations. Our algorithm identifies perfect and degenerate repeats having simple and complex pattern structures including SSRs, MPTRs and VLTRs. We describe in more detail key portions of the algorithm.
Process DNA sequence
A DNA sequence is analyzed by sliding a k-length window from left to right across the sequence. Each position on the sequence yields a word composed of k consecutive nucleotides. We want to know the distance, or delta, between occurrences of the same word. We construct a delta sequence parallel to the DNA sequence which at each position records the distance to the previous occurrence of the same word. For example, if a word occurs at position 619 and its next occurrence is at 1083, the delta of 1083-618 = 465 is recorded at position 1083. A delta of zero is recorded for the first occurrence of each word. All deltas ≤ k are processed as SSRs in a separate analysis (See SSR Identification in Algorithms and Implementations).
Perfect TR regions create runs of identical deltas in the delta sequence. Degenerate TR regions exhibit runs of identical deltas but not throughout the entire region. Each difference (substitution, insertion or deletion) will be reflected in the delta sequence. A region with many differences exhibits fewer and shorter runs of deltas. Our algorithm requires at least five identical deltas to be present in one or more runs, e.g. a run of two deltas and another run of three deltas, where both runs are of the same delta, is sufficient.
We construct two histograms, one contains the positions of all deltas in the delta sequence and the other, a filtered histogram, contains only the positions of consecutive, identical deltas. The positions are placed in peaks according to delta value. We select peaks from the filtered histogram beginning with the strongest peak (the peak containing the most positions) and proceed until all peaks with at least five positions are processed.
Locate potential TR regions
We process each qualifying peak by placing nearby positions together in a group. Each group containing at least five positions is processed as a potential TR region.
Construct initial TR region
We want to construct an initial region which represents the core of the TR. This does not need to span the entire TR. To accomplish this, we need to identify the primary words associated with a region. These words may be associated with several peaks due to sequence differences and complex pattern structures. We begin with the words associated with the positions from our potential TR region and identify new peaks containing these words. Our set of words is expanded by addition of significant words from the new peaks. This process of expansion to new peaks and new words is performed twice. The result is a collection of region peaks and region words and positions of region word occurrences. In addition, we allow linear expansion along the sequence to nearby occurrences of words contained in region words. These collections define the initial region and, as such, locate the position of the TR on the sequence.
Complex pattern structures complicate the periodicity associated with a TR; VLTRs have variable length copies and MPTRs are defined as multi-periodic. We want to determine the basic periodicity of the TR. For VLTRs, we want to know the length of the sequence not located in the internal TR. For MPTRs, we want to know the length of the base pattern. Simple pattern structures often have a periodicity equal to the delta of the selected histogram peak. We employ two techniques to compensate; (1) selection of a peak smaller than the selected peak such that the selected peak is an approximate multiple of the new peak and (2) selection of several peaks having similar deltas to the selected peak. The collection of resulting peaks are termed base periods. The base period is the strongest peak in base periods. Discussion Section) uses all these techniques; a peak of 19 is selected but, a 9/10 peak collection is chosen as the base periods with 10 designated as the base period.
Construct base pattern
Two types of patterns are constructed; patterns for VLTRs and patterns for all other regions. Each initial region is analyzed as a potential VLTR region. We look for the presence of SSRs in the region, specifically SSRs having the same pattern. Each candidate SSR is checked to determine whether an SSR occurs in at least 40% of the copies in the initial region. Since a VLTR requires the copy number across copies to vary, we test for a decrease of variation by removal of SSRs and SSR shadows. For all potential TR regions, an initial pattern is formed by selecting a copy from the initial region which reflects the greatest density of deltas equal to the base period. The initial pattern is aligned (See section Characterize TR region using a pattern for more details) to the initial region and a consensus pattern is formed. The consensus pattern becomes the base pattern for the region.
Characterize TR region using a pattern
Characterization of a TR region involves alignment of a pattern to some or all of a DNA sequence and formation of a consensus pattern which reflects the alignment. Alignment and consensus formation occur at several points in the algorithm, during SSR identification, construction of a base pattern, and characterization of a TR region. The same techniques apply to all. We align a pattern to a DNA sequence using wraparound dynamic programming, WDP (Fischetti 1992 and Myers & Miller 1989) . WDP allows wraparound of scores from the rightmost column of an alignment to the leftmost column for one of the two sequences in the alignment. This simplifies alignment of consecutive copies of a simple pattern. Our pattern is not a simple sequence but rather, a regular expression containing concatenation, closure and union. RegWDP (Hauth, A.M. Manuscript in preparation.) extends WDP to align a pattern having regular expressions to a DNA sequence.
The final alignment is a list of matches, mismatches and gaps which describe the pairing of sequence positions with pattern positions. We display the alignment as a series of copies, each copy representing an occurrence of the pattern in the sequence. We stack the copies one on top of another and place spaces in the copies such that a column through the copies represents the sequence positions and sequence gaps paired with a position in the pattern.
We form a consensus pattern from the alignment. The nucleotides and gaps in each column are tallied and recorded in the consensus pattern, an array for each column. Alignments are performed between consensus patterns and the sequence. Displays of alignments with consensus patterns are depicted as ambiguous nucleotide characters.
Identify periodicities within the TR region
Identification of MPTR regions involves identifying periodicities in addition to the region base. We want to identify periodicities which involve multiple copies of the base pattern. We perform two analyses; (1) a column analysis of the alignment using delta sequences to determine periodic multiples of the base pattern and (2) analysis of peaks in a region histogram to select significant peaks, peaks with at least five occurrences. The results of the first analysis feed into the second analysis such that periodic multiples of the base pattern are paired with significant peaks in the region histogram. Each pairing of a periodic multiple with a significant peak is termed a multiple.
We convert the nucleotides in a column of the alignment associated with a pattern position into a sequence. The sequence is transformed into a column delta sequence using several word length, k=3,4,5 and 6. Runs of deltas in a column delta sequence indicate periodicities at multiples of a base pattern. We pool the column analysis of all positions in the pattern for all word lengths and select significant periodic multiples. In addition, we keep track of columns which lead to the selection of a periodic multiple.
Construct pattern for MPTRs
We construct a pattern for each periodic multiple of the base pattern that is identified. The consensus pattern formed from the base pattern alignment serves as the foundational pattern. The columns associated with this multiple which were compiled during column analysis serve to modify positions in the consensus pattern. For a multiple of four, we form a union of four copies of the consensus pattern. We want to modify positions in the four copies according the the list of positions associated with this multiple. To do this, we return to the base pattern alignment and look at each set of four, consecutive copies. We choose the set having the most occurrences of the peak paired with this multiple. Positions in this set modify positions in the new pattern. In this manner, the periodicity reflected in the alignment is transferred to the new pattern.
Our pattern is a union of modified base patterns. A given multiple does not compensate for all periodicities, nor does it compensate for occasional insertions or deletions of a particular modified base pattern. The formation of a union allows the alignment to skip an entire modified base pattern with essentially no negative cost. In addition, the union allows the best modified base pattern to match rather than the adjacent one. This not only allows a more robust characterization of the region but also, has the side effect of providing a way of visually verifying the correctness of the constructed pattern.
SSR Identification
Identification of SSRs occurs during delta sequence construction. Every delta ≤ k indicates a SSR. We know this since the region length ≥ (k+delta) ≥ (2×delta), i.e. there are at least two copies of the pattern. This approach is reasonable since we use k=6 and SSRs are typically defined as TRs with a pattern of at most six nucleotides. Our algorithm identifies runs of consecutive, identical deltas as perfect SSRs and checks for larger degenerate SSRs using pattern characterization procedures described previously.
Regions of Similarity Identification
Identification of regions of similarity occurs during delta sequence construction. We examine potential TR regions which fail to become a TR due to less than two copies of a pattern within the region. To become a region of similarity, a region must satisfy these criteria; (1) a selected peak/delta ≥ 60, (2) a region length ≥ 20 bp and either (3) the region contains ≥ 3 runs of the selected delta or (4) the region contains ≥ 30 occurrences of the selected delta. This analysis is preliminary with a wealth of potential extensions (See Discussion Section).
Discussion
The goal of this project is to develop and implement algorithmic techniques for identifying complex repeat units in DNA sequences. In this paper, we illustrate the success of the project with three examples. The first is a bovine sequence that contains a highly conserved variable length, nested repeat. The second is a human sequence that illustrates the need to detect multiple periodicities. The third is an analysis of yeast chromosome I. Here we show the success of our technique for identifying highly similar regions that are 12 to 14 kbp apart. Together these examples illustrate the fundamental difficulties associated with moving beyond the identification of tandem repeats.
Case Example: Bovine Sequence with Variable Length Tandem Repeat (VLTR)
Our first illustration is a bovine sequence (Kashi 1990 , GenBank Locus: BOVTGN) that contains a fairly simple nested repeat. The repeat has two key features. Most obvious is a (TG) * tandem repeat that occurs in several locations. The copy number for this repeat varies from 12 to 23 copies. Second, and less obvious without computational analysis, is a 22 base pair (bp) repeat that is interspersed between the copies of the (TG) * tandem repeat. This sequence is highly conserved between occurrences. We call a nested repeat of this type, a variable length tandem repeat (VLTR). Earlier approaches (Benson 1999) locate the (TG) * repeats. Also, they locate adjacent copies of the 22 bp repeat and the intervening (TG) * repeat. They are unable to identify the full region of the VLTR due to the variability of the (TG) * repeat. Thus, they fail to characterize the actual structure of the nested repeat. This is a simple example of how our algorithm captures the structure of a more complex repeat.
Case Example: Human Sequence with Multi-Period Tandem Repeat (MPTR)
Our second illustration is a human sequence (Boan 1997, GenBank locus: HSVDJSAT) that contains a more subtle repeat structure. On first examination it is quite clear that the sequence contains a 9 or 10 base repeat that is highly conserved ( Figure 5A ). However, on closer examination the reader may notice that the 9 and 10 base copies of this pattern frequently alternate to produce a 19 base pattern; we refer to this as the 2X pattern. Our algorithm detects the importance of the 2X pattern and produces the alignment shown in Figure 5B . This alignment is better than the one constructed for the 1X pattern [the new conserved column of bases is colored in yellow in this figure], but the gapping between the two pattern copies might make the reader question whether we have correctly identified the pattern structure.
Our algorithm suggests that the 2X pattern captures a key feature of the overall pattern, but that it does not tell the whole story. The algorithm detects the importance of multiples at 4X, 5X, 6X and 11X. An alignment produced for the 4X pattern is shown in Figure 5C . (Alignments for the 5X and 6X multiplicities are similar.) Again, the 4X alignment is better than the 2X alignment -more conserved columns -but the gapping between the 9/10 base patterns is considerable. The same holds true for the 5X and 6X alignments.
The algorithm detected an 11X multiple; a 104 bp repeat. A first alignment for the 11X pattern is shown in Figure 5D . Again, this multiplicity produces a better alignment, but there is still considerable gapping. However, if a slightly different set of patterns is chosen for a regular expression, a very good alignment results. Notice in Figure 5E that the columns of the alignment are highly conserved and there is very little gapping between the 9/10 base sub-patterns.
We believe that the HSVDJSAT sequence is a good illustration of the success of our algorithms for detecting and identifying repeats with complex multiplicities.
Case Example: Yeast Sequence with Distant Regions of Similarity
Our third illustration (Figure 6 A-F) is distant regions of similarity within yeast (Saccharomyces cerevisiae) chromosome I (Bussey 1995, GenBank locus: NC_001133) . We define regions of similarity as a pair of non-adjacent regions with strong similarity. Most pairs connect biologically interesting annotated features such as Alu sequences, long terminal repeats (LTRs), gene clusters and non-clustered genes and gene shadows. Benson observed similarities of TR clusters identified by Tandem Repeat Finder (Benson 1999 ) and associated with two FLO genes. We chose this sequence to test our algorithmic ability to identify the observed similarities between the TR clusters. We present several regions of similarity associated with yeast chromosome I.
Regions of similarities 12 to 14 kbp apart occur at each end of the chromosome ( Figure 6A : 10 to 20 kbp and 202 to 222 kbp, k=6) and correspond to three clusters of TRs described by Benson (1999) . The FLO9 gene at 24 to 28 kbp has a shadow at 12 to 14 kbp ( Figure 6B ) and the FLO1 gene at 204 to 208 kbp has a shadow at 218 kbp ( Figure 6D ). Benson does not identify the FLO1 shadow since TRs are not present in the shadow. Our analysis uses a window of k=6 and is not able to span the distance between the FLO1 and the FLO9 genes. We performed an analysis at k=12 and found an increase in similarity between each FLO gene and its respective shadow but, were unable to span the distance between the genes (Figure 6 E,F: k=12) .
We locate a cluster of one gene and several open reading frames (ORFs) bookmarked by LTRs 5.6 kbp apart (Figure 6C: 180 to 190 kbp, k=6) . The cluster has many regions of similarity, many of which are linked to the Prm9p gene. We locate a linkage 174 kbp apart between a Pau7 gene and a hypothetical open reading frame, ORF ( Figure 6E : entire sequence, k=12). Analysis using larger windows should yield regions of similarity across the entire chromosome.
Conclusion
In this paper, we described complex pattern structures for characterizing tandem repeats. We presented identification algorithms for MPTRs and VLTRs which contain SSRs. In addition, distant regions of similarity are identified using our techniques.
Our analysis of distant regions of similarity identified several gene clusters, Alu sequences, LTRs and other recurring sequences but did not identify all occurrences. As mentioned, our analysis involves relatively small wordsizes compared with others (e.g. Kurtz 2001 ). While analysis using larger windows will span greater distances, it decreases the sensitivity of the algorithm. We believe extensions to our technique will enable more complete identification while retaining the sensitivity inherent with small word sizes.
